El contenido de la presente publicación se encuentra protegido por las normas internacionales y nacionales vigentes sobre propiedad intelectual, por tanto su utilización, reproducción, comunicación pública, transformación, distribución, alquiler, préstamo público e importación, total o parcial, en todo o en parte, en formato impreso, digital o en cualquier formato conocido o por conocer, se encuentran prohibidos, y solo serán lícitos en la medida en que cuente con la autorización previa y expresa por escrito del autor o titular. Las limitaciones y excepciones al Derecho de Autor solo serán aplicables en la medida en se den dentro de los denominados Usos Honrados (Fair Use); estén previa y expresamente establecidas; no causen un grave e injustificado perjuicio a los intereses legítimos del autor o titular; y no atenten contra la normal explotación de la obra. 
Introduction
Conditional cash transfers (CCTs) have been shown to produce positive short-and medium-term gains during their first ten years of implementation. Households and individuals experience higher school enrollment rates, better health outcomes, increased household consumption, and lower poverty rates. 1 Evidence of CCT success in developing countries has supported a wave of additional implementation (Stampini and Tornarolli, 2012) . These programs include both short-and long-run objectives in their design. Short-term objectives include alleviation of household poverty though cash transfers as well as health and nutrition improvements among children. Longer-term objectives are related to reducing the intergenerational persistence of poverty by fostering human capital accumulation that leads to greater labor market participation and higher earnings.
Quantifying and evaluating longer-term effects of CCT programs beyond their first decade is important for at least two reasons: first, to determine whether such programs do in fact impact intergenerational transmission of poverty; and second, to identify program components and incentives that are most effective in facilitating upward social mobility for beneficiaries. Consequently, research has begun to focus on these longer-term impacts. Molina-Millán et al. (2016) review estimates of the long-term impacts for programs in Colombia, Nicaragua and Mexico; 2 Parker and Vogl (2018) also provide evidence for Mexico; Araujo et al. (2017) study a similar program in Ecuador. These studies show general agreement that CCTs generate higher levels of human capital. Their impact on other domains, including cognitive skills, soft skills, fertility, labor market outcomes, and poverty, remains unclear, and estimated effects differ from program to program.
How transfers are delivered helps determine their success. Previous research has analyzed if conditionalities should be required (Baird et al., 2011) , who should receive the transfers (Akresh et al., 2016) , and timing of payments (Barrera-Osorio et al., 2011) . CCTs are often provided either as a demand-side voucher to poor households, intended to motivate investments in education, health, and nutrition; or as supply-side subsidies to educational and health centers, which aim to enable these providers to facilitate access to their services and improve quality. Although rare, some studies demonstrate the importance of supply-side CCT support in the short-run. Behrman et al. (2011) study the variation in Progresa educational outcomes as a function of pre-program school availability and quality (using student-teacher ratios) and find that outcomes differ conditional on baseline schooling quality. Maluccio et al. (2010) find that Nicaragua's Red de Protección Social was more effective on student grade progression in areas with the poorest conditions at the program's start (proxied by grade availability and distance to schools), and which experienced improved school supply conditions due to the program. However, many of the longest-running programs did not randomly assign different incentive delivery schemes, so there is almost no evidence on whether demand-or supply-side incentives in CCTs are more effective in the long run.
This paper contributes to the literature on long-term effects of CCT programs by studying the Honduran Family Allowances Program (Programa de Asignación Familiar or PRAF in Spanish).
Designed to implement and test multiple initiatives relative to an untreated group, this program began in 2000 and continued through 2005 in 70 of the poorest municipalities in Honduras. The interventions consisted of demand-side incentives for health and education (vouchers), supply-side incentives for clinics and schools to improve the quality of their services (cash subsidies), and a combination of demand-and supply-side support. This design allows us to isolate the effects of each incentive as well as their impact when delivered together, offering a window into whether the form of delivering CCTs influences long-term effects on schooling and labor market outcomes.
Over the arc of its history, however, PRAF faced administrative and political difficulties.
Supply-side support was delayed by two years because legal barriers withheld cash subsidies for clinics and schools (Moore, 2008) . This issue was resolved and supply-side incentives were paid out from [2002] [2003] [2004] [2005] . In addition, all targeted municipalities received development assistance from the newly-elected government's flagship Poverty Reduction Strategy (PRS) midway through PRAF (from 2002 onward), contaminating the intended randomization (IDB, 2006) . The PRS included a variety of demand-and supply-side interventions that did not differentially benefit either treated or untreated PRAF municipalities (Government of Honduras, 2001 ). Due to these difficulties, previous work on PRAF has focused on its immediate effects during the first two years, which only captures the impact 4 of demand-side incentives. These studies have found positive impacts of the CCT on school enrollment, dropout rates, child labor, antenatal care coverage, and nutritional check-ups (Glewwe and Olinto, 2004; Morris et al., 2004; Galiani and McEwan, 2013) .
Despite PRS contamination, we argue that exploiting differences in PRAF roll-out over time provides an opportunity to study an unanswered question in the CCT literature: does the form of delivering incentives influence long-term outcomes? While we cannot identify the absolute impact of PRAF because the original untreated group was contaminated, we are able to estimate the differential effects of additional CCT exposure. Moreover, we can also explore whether individual or combined incentive delivery leads to observable differences in the program's long-term effects.
We construct municipal-level panel data from Honduran population censuses in 2001 and 2013 using publicly-available information from the National Statistics Institute. Since PRAF did not contemplate an exit strategy upon program completion, untreated communities were never phased in to receive the incentives granted by the program (IDB, 2012) . Program expense reports also indicate there was essentially no intervention in treated supply-side only municipalities. Therefore, we pool untreated and supply-side only communities into a combined comparison group, the technique employed by the short-term PRAF evaluation literature. These municipalities received three years of PRS assistance but no direct support from the CCT program. We employ a difference-in-differences strategy that controls for time-varying demographic variables, household characteristics, assets, adult outcomes, leakage from subsequent CCT programs, municipality and time fixed effects.
Our empirical strategy allows us to identify the differential effects of additional exposure to the following PRAF incentives: two years of demand-side incentives only (Group 1, hereafter G1) and two years of demand-plus three years of supply-side incentives (Group 2, hereafter G2). Our interest lies in estimating PRAF's long-term impact on young adults (aged 18-24) who were exposed to the program as primary school-age children (aged 6-12) in treated communities.
Results show that relative to the comparison group, additional exposure to demand-side incentives (G1) individually has no lasting impact. However, combined exposure to both demand and supply support (G2) leads to significant gains in human capital but no effect on labor outcomes. We estimate that years of schooling increase by 8.5% and that the share of young adults with secondary studies 5 rises by 38.2%. These effects are higher than the estimates in Araujo et al. (2017) , but lie below most other estimates of long-run impacts of CCTs (Molina-Millán et al., 2016; Parker and Vogl, 2018) , and are likely smaller due to the relatively small transfer amounts paid in PRAF (about 4% of pre-program monthly consumption) in comparison with other CCT programs.
In addition to testing whether coefficients on G1 and G2 communities are significantly different from comparison municipalities, we test whether they are equal to each other. Our results suggest that joint provision of demand-and supply-side incentives outperforms exposure to individual demand-side support more than a decade after PRAF's initial implementation.
We also find suggestive but inconclusive evidence of gender differences in demand plus supply-side municipalities. Young women complete 7.2% more years of schooling, 36.7% more girls attend secondary school, labor force participation increases by 24.5% and employment rates rise by 24.8%.
Young men accumulate more schooling (9.3%) and high school studies (39.1%), but show no significant change in their labor market situation. Further analysis of these gender differences indicates that estimated effects for young women and men are not statistically different from each other. A potential explanation for the slightly larger coefficients on young women may be attributable to the context in PRAF municipalities: rural areas where agriculture is the main economic activity. Previous research has shown that the returns to educational investment in "brawn-based" economies differ by gender (Pitt et al., 2012) . In such scenarios, girls often benefit more due to their specialization in skill-intensive activities that value education, while boys work in physically-intensive jobs that do not reward higher schooling. However, further research is needed to identify whether this channel drives our results and previous findings that girls benefit from CCT programs more than boys (Araujo et al., 2017; Baird et al., 2016; Parker and Vogl, 2018) .
Findings are robust to alternative econometric specifications, identification strategies, and adjustments for multiple hypothesis testing. We also rule out several potential confounders. Despite using aggregate data, our empirical strategy has sufficient statistical power to detect small effects on the selected outcomes. Differential migration of individuals in treated and comparison municipalities may bias our estimates, but we show that there is no evidence that young adults in communities that received transfers were more likely to migrate than those in comparison municipalities. Our analysis, 6 however, has some limitations. Given data restrictions, we cannot isolate beneficiaries. Our estimates therefore constitute lower bounds of the true long-term impact of PRAF on individuals exposed to its incentives as children, which does not affect our conclusions about the effectiveness of separate and joint provision of conditional cash transfer incentives.
Our results contribute to an important question in the development literature: does the type of incentive delivered by social programs matter in the long run? Previous work analyzing demand-side cash transfer programs tends to find long-term human capital gains but no impact on labor outcomes (Molina-Millán et al., 2016; Araujo et al., 2017) , while those that study interventions where demandand supply-side incentives are coupled together do estimate positive gains (Barham et al., 2017) . We provide an explanation for this mixed evidence within the same program: the form in which transfers are delivered matters. These findings emphasize the importance of considering the supply-side in CCT design and evaluation since separate provision of demand and supply incentives seems to be less effective than joint provision. One interpretation of our results is that individuals in municipalities that received combined demand-and supply-side incentives had higher returns due to improved health and education quality, implying some level of complementarity between both types of incentives that enhances the extent to which the poor benefit from CCTs.
The remainder of this paper is organized as follows. Section 2 describes the Family Allowances program. Section 3 introduces the data and presents our identification strategy. Section 4 reports estimates of the long-term impact of exposure to PRAF on human capital and labor market outcomes, and whether effects differ by incentive type. We also use this section to test the robustness of our results.
Threats to identification and caveats are discussed in Section 5. Section 6 concludes.
The PRAF conditional cash transfer program
The Honduran Family Allowances Program (PRAF, for its acronym in Spanish) was created in 1990. Its goal was to compensate extremely poor Hondurans for the negative impact of the country's structural adjustment policies, 3 providing educational and health benefits through subsidies without enforcing co-responsibilities (Moore, 2008) . While initially devised as a temporary safety net, the government later changed the program status to run indefinitely. PRAF changed in many ways over time, but consistently aimed to improve the well-being of the poor. (IDB, 2006) and aimed to alleviate current poverty by providing transfers to poor households and to increase human capital accumulation for children in these families to break the cycle of poverty. Phase II was thus conceived as a CCT, with demand-and supply-side incentives to promote health, nutrition, and education, a focus on rural areas with the weakest infrastructure, and an experimental evaluation design with randomly assigned transfers at the municipality level (IFPRI, 1999 (IFPRI, 2000 . For simplicity, we refer to phase II of this program throughout the paper as PRAF.
PRAF provided demand-side incentives for nutrition and health, as well as education. The nutrition and health component gave eligible households (those with pregnant or nursing mothers and infants aged 0-3) a voucher of approximately $48 per person per year for at most two children per household ($96 maximum). Educational support for eligible families (extremely poor households, whose children aged 6-12 had not yet completed fourth grade) took the form of a voucher worth $38 per year per child for up to three children per household ($114 maximum). Families had to fulfill certain conditions in order to receive the transfers. For the health voucher, mothers were required to attend five pre-natal medical check-ups, as well as one post-natal check-up to monitor the newborn's development. Infants were also required to visit their local health center for periodic nutritional check-ups. To receive educational vouchers, children aged 6-12 had to be enrolled in school, miss no more than 20 days of instruction, and not be held back in the same grade more than once. However, there is evidence that school and health center attendance conditionalities were weakly enforced in practice (Galiani and 4 See Moore (2008) for a comprehensive description of PRAF's history.
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McEwan , 2013; Benedetti et al., 2016) .
Supply-side incentives were a fundamental part of PRAF's design. The nutrition and health component included an annual health quality incentive of $5,000-6,000, conditional on local medical centers providing better quality services according to standards outlined by the Honduran Secretary of Health and active participation in the process by clinic managers. In addition, the Comprehensive Attention to Children in the Community program (Atención Integral a la Niñez en la Comunidad or AIN-C in Spanish) was created to teach mothers how to monitor child health. 5 The educational component provided legally authorized parent-teacher organizations with about $4,000 annually to fund learning development initiatives in schools. These organizations received funds through NGO intermediaries in order to benefit local schools by improving their facilities, purchasing equipment or educational materials, and/or providing training for teachers. The Continuing Training Program (Programa de Formación Continua or PFC in Spanish) was also created to provide technical education for teachers. Instruction lasted two years and took place on weekends, with successful completion guaranteeing teachers an improved two-year contract in their schools.
To evaluate the effect of each type of incentive, the IDB design set up three treatment groups: a) demand-side group (G1); b) demand-and supply-side group (G2); and c) supply-side group (G3).
Each arm was to be compared to G4: a group that received neither component (individually or combined). Honduras is divided into 298 municipalities; the program targeted municipalities with mean height-for-age z-scores (HAZ) below -2.304 in the 1997 Height Census of First-Graders (IFPRI, 2000) . 6 The 70 municipalities that met this criterion were located in western Honduras, the poorest region in the country. Figure 1 presents the location of the 70 selected municipalities. Municipalities were further classified into five quintiles or blocks of average HAZ scores comprising 14 communities each, from poorest (block 1) to "richest" or least poor (block 5). Treatment and comparison groups were selected by stratified randomization in a public event held in 1999. Ten municipalities belonging to each of the five blocks were randomly chosen to receive PRAF benefits, leaving 20 communities in G1, 20 in G2, 10 in G3, and 20 in the untreated G4 group. Administrative and political issues affected PRAF implementation in practice. On the one hand, supply-side incentives in education were not implemented during the first two years (2000) (2001) due to legal barriers that restricted NGOs and parent-teacher organizations from receiving and managing public funds (Moore, 2008) . Delivery of supply-side support in health was also limited, with only 17% of funds disbursed in the first two years (Galiani and McEwan, 2013) . Therefore, most short-term studies of PRAF combine G1 and G2 into a single treated group and include G3 as part of the comparison group to evaluate the effect of PRAF's demand-side incentives. Using this definition, Morris et al. (2004) report a large impact of the CCT on antenatal care and health check-ups using primary survey data, but find mixed evidence on immunization rates. Using the same survey, Glewwe and Olinto (2004) find that children in households who received demand-side incentives had higher school enrollment, attendance, and lower dropout rates relative to individuals in comparison communities. Galiani and McEwan (2013) used secondary census data and found large enrollment increases and declines in child labor inside and outside the home. Moreover, they estimated heterogeneous effects by blocks, finding evidence that PRAF mainly benefitted the poorest municipalities (blocks 1 and 2). Ham (2014) confirms that vulnerable children had greater access to education than more-advantaged groups due to the transfers. while expenditures in G2 municipalities increased (123.7%). This difference is mainly due to changes in the education component. Disbursed funds for educational incentives in G1 and G2 municipalities were roughly similar in total, about $10 million. However, while all funds were spent on demand-side incentives (vouchers) in G1 communities, the distribution was 80% for demand and 20% on supply (cash subsidies) in G2 municipalities. Therefore, both G1 and G2 spent similar amounts of money but distributed differently, providing an opportunity to test if such allocation choices had a lasting impact. PRAF did not have a well-defined exit strategy, so G4 municipalities were never phased in to receive the incentives granted by the CCT (IDB, 2012 (Benedetti et al., 2016) .
The remainder of this paper explores whether PRAF achieved its objective of promoting human capital accumulation and greater labor market participation to reduce persistent poverty. We exploit the original experimental assignment, combining G3 and G4 communities as our comparison group, the same group employed by the studies of PRAF's short-term impacts. While using the original randomization provides differential effects of program exposure instead of an absolute "no program"
comparison, we show that outcomes in the combined G3 and G4 comparison municipalities are similar to non-PRAF municipalities, who also benefited from Poverty Reduction Strategy support.
Moreover, a unique feature of program roll-out is that it allows testing if and how additional exposure to demand-side incentives or a combination of demand-and supply-side incentives impacts long-term human capital and labor market outcomes. Little evidence exists on these long-term effects for CCT programs, and this represents the main contribution of our study.
3 Data and Identification
Data
We construct longitudinal data using publicly-available information on the National Statistics Institute's website (www.ine.gob.hn). The "Baseine en Línea" provides open access to municipal-level statistics from the 2001 and 2013 population censuses in Honduras. 10 We assemble the data from the 70 PRAF communities into a panel with two time periods covering a span of 12 years.
For each census year, we calculate municipal-level means for selected educational and labor market outcomes. 11 These include years of schooling, the fraction of individuals with at least some secondary schooling, labor force participation, employment rates, and the share of workers employed in non-farm jobs. We also calculate demographic, household, dwelling, and municipality-level variables to include as controls, which are described in the next sub-section.
We complement the census statistics with PRAF randomization data made available by Galiani and McEwan (2013) . 12 Since these authors had a cross-section of microdata to evaluate the short-term effects of PRAF, they were able to identify eligible beneficiaries (children aged 6-12 who had not completed fourth grade). Our use of aggregate data requires that we pool eligible and ineligible beneficiaries together, likely attenuating our estimates. Reported findings can thus be interpreted as lower bounds of the long-term effects of exposure to PRAF during primary school age.
The data show that PRAF communities are among the poorest in Honduras (see Table A .1 in the Supplementary Material), consistent with previous studies. PRAF municipalities have low levels 10 The Baseine en Línea also contains information for the 1988 population census. However, we do not use this data due to large differences in methodology and missing information on several relevant outcomes and controls. 11 We restrict the number of outcomes to those commonly evaluated in the long-run CCT literature (Molina-Millán et al., 2016) . Unfortunately, the National Statistics Institute does not ask questions about income or consumption in the census, so we cannot measure how exposure to PRAF affects these and other outcomes of potential interest. 12 This data and the replication files for their study are available at http://www.patrickmcewan.net/.
13 of human capital (on average less than primary schooling), contain the majority of the indigenous lenca ethnic group population, and are predominantly rural. Most households have limited access to basic services (electricity, water, and sewage), few assets, and large family sizes. Over the period of study, average conditions in these municipalities have improved. How much of this improvement can be attributed to PRAF is one of the questions we attempt to answer in this paper.
While using aggregate-level data for this purpose is less ideal than microdata, we argue that the data are still informative. An alternative analytical approach is to use repeated cross-sections of household survey data as in Rackstraw (2014) or Demographic and Health Surveys as in Li (2016) . However, these survey instruments are not designed to be representative at the municipal-level, only by aggregate dominions. 13 In many survey rounds, PRAF municipalities are unobserved, so drawing inferences from such data will likely introduce problems related to representativeness, insufficient statistical power, and missing information.
14 One potential limitation of relying on the aggregated data stems from problems of low statistical power. As we discuss in Section 5, our empirical strategy provides estimates that lie within the range of calculated minimum detectable effects, suggesting that power is not a problem for the analysis. Our research does leave the door open to future work using microdata to complement the reported findings, perhaps exploring potential heterogeneity in PRAF's long-run impact by individual, household, or municipality-level characteristics.
Identification Strategy
Our identification strategy exploits the fact that children in some municipalities experienced differential exposure to PRAF incentives to test whether some forms of support have more lasting effects than others. Given the evidence in Table 1 that treatment in G3 communities was not implemented, we pool G3 and G4 communities into a single comparison group, which received three years of support from the Poverty Reduction Strategy but virtually no direct support from PRAF. This empirical decision provides an opportunity to compare our results with the short-run findings in Galiani and McEwan (2013) . The differential exposure of treated municipalities relative to this pooled comparison group is an additional: two years of demand-side incentives for G1, and two years of demand-side and three years of supply-side support for G2. We can thus identify whether receiving additional demand incentives individually or combining demand and supply supports leads to different long-term effects, which remains an unanswered question in the CCT literature.
Children shown to have experienced higher school enrollment and lower rates of child labor due to PRAF in 2001 (when they were 6-12) are young adults in 2013 (aged 18-24). Our identification strategy compares municipal-level means for individuals aged 18-24 in 2013 relative to the same group's baseline means in 2001. We select this age group for our main analysis because these individuals have the highest probability of exposure to the full length of the PRAF CCT program.
However, using the age group that benefited from PRAF during primary school excludes most recipients of the nutrition and health vouchers. We believe this is a justifiable decision for two reasons.
On the one hand, the possible contamination of human capital and labor market outcomes from more recent social programs is higher for infants targeted by these incentives (aged 0-3 in 2001).
Furthermore, their outcomes are less likely to have been determined completely (Araujo et al., 2017; Molina-Millán et al., 2016) . Finally, Honduran census data provides limited information on nutrition and health variables to credibly assess longer-term impact on these outcomes. Long-term effects on these beneficiaries and outcomes thus remains an area for future research.
Given that we have panel data at the municipal-level, we employ a difference-in-differences strategy that controls for time-invariant and time-varying community factors, and uses within-municipality variation over time to identify the long-run effects of exposure to PRAF incentives:
where y it is the outcome for municipality i at time t. The differential long-term effects of PRAF relative to the comparison group (G3 and G4) are the coefficients on an interaction between a binary indicator for the group the district was assigned to and a dummy variable for 2013. Specifically, β 1 captures the differential effect of exposure to demand-side incentives only (G1), while β 2 estimates the differential impact of exposure to combined demand-and supply-side incentives (G2).
Given that over a decade has passed between censuses we include time-varying controls at the municipality-level in X it , chosen similarly to those employed by Galiani and McEwan (2013) : the share of female population, average age in the municipality and its square, share of individuals born in the municipality, fraction of the lenca ethnic group population, share of urban population, an index of access to basic services (simple average of households with electricity, water, and sewage), an asset index (simple average of car, refrigerator, computer, and television ownership), average household size and its square, the share of internal migrants (who lived in another municipality five years prior), the share of households with at least one member who has emigrated from Honduras, and the municipality's population density. We also control for relative schooling and labor supply for adult females relative to males (aged 18-65 in 2001, hence 30-77 in 2013) . Previous research has highlighted that human capital and labor market analyses should account for persistence across generations (Lindahl et al., 2015) , especially in rural contexts where gender gaps are significant (Pitt et al., 2012) . Moreover, prior studies for PRAF find no indication that adult schooling and labor market outcomes were affected in the short-term (Alzúa et al., 2013; Galiani and McEwan, 2013) . Equation (1) also includes municipality fixed effects (λ i ) and a secular time trend (δ t ).
To account for overlap with more recent CCT programs we include two additional controls.
Because PIPS targeted children aged 6-18 from 2006-2009, we include a binary variable that identifies municipalities whose villages received this program using information from IDB (2012). A second program, Bono 10 Mil, began in 2011, when PRAF beneficiaries were aged 16-22. This program also targeted 6-18 year olds, so contamination is less troublesome compared to PIPS for our cohort of interest. Regardless, we include block-specific time trends (µ bt , where i ∈ b = {1, ..., 5}) to control for potential leakage from Bono 10 Mil and also to account for the stratified randomization design in PRAF (Bruhn and McKenzie, 2009) . 15 This strategy helps control for spillovers due to subsequent CCT programs and other time-varying attributes at the block-level that may confound our estimates.
Unfortunately, we cannot include municipality-specific time trends because this leaves no remaining within-municipality variation to identify the coefficients of interest. Source: Own calculations on municipal-level data from the 2001 Honduran population census. Notes: The p-values in the final column are obtained by regressing each variable on two treatment group dummy variables and block fixed-effects with clustered standard errors by municipality, and test the hypothesis that coefficients for the G1 and G2 treatment groups are jointly zero.
Our empirical strategy assumes that young adult outcomes and controls at baseline (in 2001) are not significantly different between treatment and comparison municipalities. We believe this is a valid assumption given previous evidence using the same census data and our own estimates of baseline balance in Table 2 . Consistent with Galiani and McEwan (2013) , we find significant differences on school enrollment and labor outcomes in 2001 for children aged 6-12 in the aggregate data. However, outcomes for young adults and the selected controls indicate few statistically relevant differences between treated municipalities relative to the G3 and G4 comparison group. All regressions are estimated by OLS with clustered standard errors by municipality, which are subjected to a number of robustness checks. Given that we evaluate multiple outcomes using the same identification strategy, we make adjustments for multiple hypothesis testing to ensure that our findings are not driven by chance, following the procedures in Kling et al. (2007) and Anderson (2008) . We also consider several threats to our identification assumptions in Section 5.
The long-term impact of exposure to PRAF incentives
Difference-in-difference estimates for the long-term effects of exposure to PRAF on young adults' human capital and labor market outcomes are shown in Table 3 . We present results for the full sample in Panel A, and separately for young women and men in Panels B and C, respectively. 16 We find evidence of greater human capital accumulation in municipalities exposed to additional incentives on the demand-side (G1) and for demand plus supply (G2), but differences with respect to the comparison group are only significant for the latter group. Years of schooling for young adults exposed to both types of incentives increased by 0.315 (s.e. 0.111), or 8.5%. Young adults in G2 municipalities with at least some secondary studies grew by 2.9 percentage points (s.e. 0.014), a gain of 38.2% relative to the comparison group mean of 7.6%. However, these educational gains are not accompanied by greater labor force participation or employment rates. Estimated effects on labor market outcomes in municipalities exposed only to demand-side incentives are close to zero and precisely estimated.
While the coefficients on labor market outcomes for young adults in demand and supply communities are positive, most are statistically insignificant. The evidence does however, indicate that 19.6% more young adults were employed in non-agricultural jobs. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report Difference-in-Differences (DID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy (see Section 3 for details). All regressions control for time-varying municipal-level variables: the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Panels B and C reveal gender differences in PRAF's long-term impact across treatment arms. Both young women and men in communities that received only demand-side incentives from PRAF (G1)
show few significant gains relative to the comparison group, with many coefficients not significant and close to zero. Girls' schooling does increase by 0.273 (s.e. 0.119) in G2 municipalities that received combined demand-and supply-side incentives, a gain of 7.2%. Relative to the comparison group, the fraction of young women who enrolled in secondary school grew by 36.7%. Increases in labor market outcomes for girls are statistically and economically significant with respect to the comparison group. Young women's labor force participation grew by 24.5% and their employment rate increased 24.8%.
However, there is no indication that significantly more young women were occupied in non-farm jobs.
Young men exposed to PRAF as boys display a statistically significant increase in human capital in demand-and supply-side municipalities, with an increase in years of schooling of 9.3% and 39.1% more young men attending at least secondary school. However, young men's labor market outcomes are mostly unaffected in the long-run.
Because we estimate 15 regressions and test two hypotheses per equation (β 1 = 0 and β 2 = 0), we analyze whether these findings are robust to multiple hypothesis adjustments. On the one hand, we follow Kling et al. (2007) and reduce the number of comparisons to six outcomes by constructing a composite index of educational and labor market domains for young adults, young women, and young men. These indices are simple averages of our outcomes, which are standardized with respect to the comparison group mean and standard deviation at baseline.
17 Results in Table A .3 confirm the patterns in Table 3 . Additional exposure to PRAF leads to a statistically significant increase in the educational index for G2 but not G1 municipalities, and effects on the labor market domain are only significant for young women. On the other hand, we employ the methodology proposed by Anderson (2008) that accounts for the false discovery rate to each hypothesis in order to rule out chance findings.
18 Table   A .4 shows the resulting q-values for the estimated coefficients in Table 3 . The conclusions support that exposure to PRAF had significant long-term effects on outcomes in G2 but not G1 communities relative to the comparison group. Moreover, the gains for young women in terms of labor market outcomes seem to outweigh the impact for young men.
Reported results are stable when using alternative specifications and identification strategies. Given that municipalities differ in terms of population size, we estimate regressions weighted by the share of young adults in the total population for each municipality-year cell (Supplementary Table A .5) .
While the weighted results provide similar conclusions, alleviating concerns of misspecification or 17 The education domain is the simple average of years of schooling and the share of individuals with at least some secondary schooling. The labor market domain is the simple average of labor force participation, employment rate, and the share of individuals employed in non-farm jobs. 18 Anderson's paper and code, which implements the method by Benjamini and Hochberg (1995) endogenous sampling (Solon et al., 2015) , weighted estimates are noisier. 19 We also consider two triple Table 3 , although triple difference estimates reduce statistical power because they include multiple interaction terms. This imprecision is higher when comparing young adults to prime-age adults aged 25-29, likely due to the latter group's inclusion in subsequent CCT programs and our inability to disentangle eligible and ineligible PRAF beneficiaries in our data, attenuating our estimates. Overall, the analysis suggests that our empirical results are robust. Combined exposure to demand-and supply-side CCT incentives has a larger impact than individual exposure to demand-side incentives relative to the comparison group that benefitted from PRS assistance but no direct support from PRAF.
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Besides testing if the coefficients on G1 and G2 communities are significantly different from comparison municipalities, we question whether long-term impact differs between incentive types. The p-values for these hypothesis tests are shown in the first column of Table 4 . For the full sample, we reject equality between G1 and G2 for years of education (p-value=0.069), but not secondary schooling.
We find statistically relevant differences in non-farm employment (p-value=0.025), but no differences in impact for labor force participation or employment rates. The evidence is less ambiguous when observing the results by gender. Most outcomes are significantly different for young women in G2
relative to G1 communities, with the exceptions of secondary schooling (marginally) and non-farm employment. For young men, schooling and labor market differences are insignificant between G1 and G2, although impact on non-farm employment does differ between incentive types (p-value=0.037), despite the coefficient being indistinguishable from zero relative to comparison municipalities. Findings are similar but more imprecise in the aggregate domain analysis (Table A. 3), weighted estimates (Table   19 In unreported results, we also test for evidence of heteroscedasticity with respect to the within-municipality population size. The t-ratios for a Breusch-Pagan test are mostly below 2, which suggests that weighted estimation is not required to correct for this purpose (Solon et al., 2015) . Weighted and unweighted coefficients are highly similar and we opt to use the former due to their higher level of precision. 20 As an additional exercise, we employ the synthetic control method (Abadie et al., 2010) to approximate if there is evidence of contamination in comparison communities since G3 communities were assigned to receive supply-side incentives, although treatment was not delivered (see Table 1 ). We assume that comparison municipalities are "treated" since they were targeted by PRAF and construct a "synthetic comparison" group using a convex combination of non-PRAF municipalities (N =228). Table A .8 in the Supplementary Material presents the results using aggregate outcome domains. We find no evidence that G3 and G4 comparison municipalities experienced significant outcome differences relative to non-PRAF municipalities who also benefitted from PRS assistance. Implementation of the synthetic control method was carried out using the synth runner package developed by Quistorff and Galiani (2017) . See https://github.com/bquistorff/synth runner for full details on the procedure and the notes in Table A .8 for specifics.
A.5), and triple difference strategies (Tables A.6 and A.7). Table 3 , and correspond to the hypothesis that coefficients for G1 are equal to G2. q-values are obtained using the method by Benjamini and Hochberg (1995) that controls for the false discovery rate (FDR) described in Anderson (2008) . Block-bootstrapped p-values are estimated using the procedure in Bertrand et al. (2004) with 5,000 replications. Wild bootstrapped p-values are obtained following the suggested method in Cameron et al. (2008) with 5,000 replications and implemented with the boottest Stata command (Roodman, 2015) .
Given that we estimate 15 hypothesis tests of equality between G1 and G2 (5 outcomes for the full sample, women, and men), we present adjusted q-values that account for the false discovery rate in column 2 of Table 4. The differences between demand-only (G1) and demand plus supply (G2) municipalities remain significant at conventional levels after applying multiple hypothesis corrections, providing credible evidence that both incentives have greater long-run impact delivered together than provided separately. We conduct further scrutiny of this result for robustness. Since PRAF was implemented in 70 municipalities, which is often considered a suitable number of clusters on which to conduct inference (Angrist and Pischke, 2009; Bertrand et al., 2004; Cameron and Miller, 2015) , we also present p-values obtained from block-bootstrap and wild-bootstrap methods in columns 3 and 4 (Cameron et al., 2008) . Most of our calculated p-values are larger using these methods, with some but not all the significant differences in columns 1 and 2 becoming marginally insignificant at the 10% level.
These results highly suggest that combined exposure to demand-and supply-side incentives in CCTs seems to be more effective in fostering human capital accumulation and labor market participation compared to receiving only demand-side support.
Our estimates suggest both that the combination of demand-and supply-side incentives leads to greater effects and that young women seem to benefit more than men from exposure to PRAF. This raises the question of whether the estimated gender differences are statistically significant. Table 5 shows p-values for the hypothesis that PRAF's long-run effects for young women and men are equal.
21
Results are mixed depending on the procedure used to calculate the standard errors, but the findings generally indicate that we cannot reject equal effects for young women and men within each incentive type. Exceptions include the effect on years of schooling in G1 communities where boys accumulated more education than girls and on labor force participation and employment in G2 communities when using wild-bootstrapped standard errors. However, given the mixed evidence, we choose to err on the side of caution and conclude that gender differences from exposure to PRAF incentives do not seem to be statistically significant for most outcomes in the long-run. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of hypothesis tests are drawn from a separate regression. The regressions are estimated by triple differences in a fully interacted specification of Equation (1). The table shows the resulting p-values and q-values for the hypothesis that coefficients on the interaction term (G1 it × Young Women and G2 it × Young Women) are different from zero. We include the controls in Table 3 as main effects and interacted with a gender dummy variable that is equal to one for young women. We test the hypothesis assuming: i) cluster-robust standard errors by municipality, ii) adjusting the p-values using the method by Benjamini and Hochberg (1995) that controls for the false discovery rate (FDR) described in Anderson (2008) , iii) block-bootstrapped standard errors using the procedure in Bertrand et al. (2004) with 5,000 replications, and iv) wild bootstrapped standard errors following the suggested method in Cameron et al. (2008) with 5,000 replications and implemented with the boottest Stata command (Roodman, 2015) .
We highlight three main findings from the empirical analysis of the long-term effects of PRAF. First, relative to comparison communities that received three years of Poverty Reduction Strategy benefits but no support from PRAF, we find no gains from additional exposure to two years of demand-side incentives individually. Exposure to two additional years of demand-side incentives plus three years of supply-side support does lead to significant gains in human capital and labor market outcomes.
These effects are higher than the estimates in Araujo et al. (2017) Second, a rather unique feature of this study is that we test whether differential exposure to demand or supply incentives yields differences in longer-term outcomes. Our evidence is highly suggestive that combining demand and supply-side incentives outperforms separate provision of demand-side support. These conclusions are robust to specification choice, variance corrections, and are unlikely to be chance findings given their stability when adjusting for multiple hypothesis testing. Could we have foreseen this result given short-term estimates of PRAF impact? The results in Galiani and McEwan (2013) show no indication that short-run effects on school enrollment and child labor were statistically different between G1 and G2 communities. 23 To further explore this result, we estimate short-term effect regressions on the same outcomes using municipal-level data in Table 6 . Separate estimates are
shown for children aged 6-12: full sample, girls, and boys. The results reveal an interesting pattern:
the reduction for household work seems to be larger in G2 municipalities compared to G1. We can reject equal coefficients between incentive types for the full sample and girls, and marginally accept equality for boys. Galiani and McEwan (2013) did not estimate gender-specific effects for G1 and G2
communities because the full sample results indicated no differences in short-term impact across the treatment arms. However, our results suggest that PRAF led more children to substitute household labor 22 In comparison, the size of transfers in in neighboring Mexico (Progresa) and Nicaragua (Red de Protección Social) comprised almost 18 and 20% of baseline expenditures, respectively (Caldés et al., 2006) . 23 In Table 2 of Galiani and McEwan (2013) , the authors test whether coefficients on G1 and G2 communities are equal using census microdata. Their analysis yields p-values above 0.200 in all their specifications, leading them to conclude there was no differential impact between G1 and G2 communities in the first two years of PRAF implementation.
for schooling in G2 municipalities, which may be one potential explanation contributing to the larger longer-term effects that we find in the same communities over a decade later. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report cross-section estimates of the short-term effects to PRAF relative to G3 and G4 municipalities that received no intervention. All regressions control for municipal-level variables in 2001: the share of eligible children for PRAF (individuals aged 6-12 who had not completed fourth grade in 2001), share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as block fixed-effects. *** Significant at 1 percent, ** 5 percent, and * 10 percent.
Finally, we find suggestive but inconclusive evidence that PRAF effects differ by gender. While the results from hypothesis tests cannot reject that estimated coefficients are equal, this may be due to two reasons. On the one hand, given our data limitations and the fact that we cannot separate eligible from ineligible individuals, our estimates can only provide lower bounds for PRAF's long-term impacts.
On the other hand, the Honduran context may be playing a role. Previous research has shown that returns to educational investment systematically differ by gender in rural areas of developing countries or "brawn-based" economies (Pitt et al., 2012) . This prior evidence indicates that schooling has greater labor market returns for women because they specialize in skill-intensive activities, while men tend to work in physically-intensive jobs. PRAF municipalities fit this scenario, since while 75.7% of the adult labor force was employed in agricultural activities during 2013, the percentage of men and women employed in farm work is 77.2% and 13.1%, respectively. Our slightly larger estimates for young women may be partly explained by this channel, although further research that can overcome our empirical limitations is needed to better understand the driving mechanisms of potential gender differences in CCT program impact.
Threats to identification and caveats
We discuss several threats to identification that could bias our reported estimates of the long-run effects of exposure to PRAF and our conclusions about the effectiveness of its demand and supply-side incentives. This section discusses some of these factors and other empirical concerns.
First, it is possible that we fail to find effects on some outcomes or groups due to low statistical power, given that we have observations for 70 municipalities at two points in time. To explore this possibility, we conduct two analyses. First, we replicate the findings in Galiani and McEwan (2013) in Table A .9. If we had insufficient statistical power, we would not find significant short-run effects.
Our estimates replicate these authors' findings in significance and magnitude. Second, we calculate ex-post minimum detectable effects for each outcome using baseline means and standard deviations (full sample, young women, and men), following the procedure in Duflo et al. (2007) . Table A.10 shows these values. Since more than a decade passes between censuses, adjusting for covariates becomes essential. We scale the minimum detectable effects, multiplying them by one minus the R 2 of a regression that includes all our controls as well as block indicators on baseline outcomes. This procedure reduces variation in outcomes, providing minimum detectable effects that lie within range or below our estimated coefficients for the majority of our selected outcomes.
Second, selective migration may push treated individuals to move toward large urban centers to 26 seek out better opportunities (Molina-Millán and Macours, 2017) . Due to the aggregate nature of our data, we cannot track people who moved away from the 70 experimental municipalities. To test for differential migration patterns, we pool all available household surveys from 2001-2013 for the exposed cohort of young adults (born between 1989 and 1995, hence aged 6-12 in 2001 and 18-24 in 2013) . Then, we estimate a difference-in-difference regression to test whether children in G1 and G2 municipalities were more likely to leave their municipality of birth. 24 Despite pooling 22 surveys, the sample size is small because surveys are not representative by municipality (N =17,622).
Supplementary Figure A. 1 suggests no evidence of differential migration by young adults in G1 and G2 communities relative to the same age cohort in comparison municipalities.
While the above analysis rules out differential migration within Honduras, it does not account for varying levels of emigration from Honduras to the United States. To approximate whether international migration may be confounding our estimates, we estimate a version of Equation (1) where the dependent variable is the log population of young adults, women, and men. This strategy captures whether the denominator used to calculate our outcomes changes differentially across PRAF treatment groups with regards to comparison communities. Results are shown in Table A .11. The findings suggest that there were no considerably significant population changes in G1 and G2 communities relative to G3 and G4 comparison municipalities, lending further support to the claim that migration, internal or external, does not seem to be largely affecting PRAF municipalities.
Like many other randomized CCT programs, PRAF was not designed with long-term evaluation in mind. As shown in the previous section, the comparison group shows no differences with respect to non-PRAF municipalities also exposed to the Poverty Reduction Strategy. This evidence suggests that at least in Honduras, the estimated long-term effects of PRAF and the differences between individual and combined provision of demand and supply incentives would remain regardless of circumstances in the comparison group. As mentioned by Molina-Millán et al. (2016) , the design of poverty alleviation programs should, in the future, incorporate short-, medium-, and long-run evaluation in order to provide 24 The estimated equation is
M imt is a binary variable that identifies if individual i in municipality m at time t lives in a different municipality than that of their birth. Thus, we assume that children who were born in PRAF municipalities were living there when exposed to the program in 2001. We report estimates of β g t in Figure A .1, which capture the annual differences in migration rates between individuals in the three treated groups relative to the comparison group. The regressions control for birth-year effects, municipality fixed effects, linear time trends by stratification block, and survey wave effects. Standard errors are clustered by municipality and regressions are weighted using the official survey weights for each wave.
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clear evidence of CCT impact throughout their many stages.
Some empirical issues may be solved by applying our strategy on microdata but not all of them.
Even with micro-level data, anonymity is ensured by constitutional right or Habeas Data 25 , so an individual-level panel cannot be constructed from these records. While using repeated cross-sections of census data would be an improvement, census data would not allow us to control for time-invariant attributes like individual ability that may be related to human capital and labor market outcomes.
Furthermore, because the randomization unit was the municipality, statistical power will not increase by using more observations within a cluster; rather, increasing statistical power would require actually increasing the number of clusters. Identifying eligible individuals to isolate the direct effect on beneficiaries (instead of broader exposure) would be problematic because the census does not ask retrospective questions that would allow us to reconstruct eligibility conditions.
The arguments in this section suggest that our estimates are capturing the long-run effects of exposure to PRAF's educational incentives over a decade later, and that these estimates likely constitute lower bounds for its true long-term impact. Given program roll-out and data limitations, we address an unanswered question in the CCT literature: does the manner in which incentives are provided matter in the long run? Our findings are intended to provide a starting point to discuss the overall effectiveness of conditional cash transfers, but also to identify what aspects of these policies are most useful to increase social mobility and reduce the transmission of poverty. We expect that our findings will be complemented by future work that overcomes some of our empirical challenges by using individual-level data to examine and evaluate this and other CCT programs.
Conclusion
This paper estimates the long-term effects of exposure to a conditional cash transfer program in Honduras over a decade later. While political objectives ultimately contaminated the comparison group, we take advantage of program roll-out to test an unanswered question in the CCT literature:
does individual exposure to demand-side incentives (vouchers) or combined demand-and supply-side incentives (vouchers plus clinic and school subsidies) influence the degree to which these programs impact human capital and labor market outcomes in the long-term? Using municipal-level panel data from population censuses, we estimate difference-in-difference regressions that account for time-invariant and time-varying factors. We find no lasting impact attributable to demand-side incentives alone, but do find that joint provision of both types of support results in greater human capital gains and labor market participation. Our empirical results are robust to alternative specifications, variance corrections, and multiple hypothesis adjustments.
Studies that analyze demand-driven CCT programs tend to find long-term human capital gains but no impact on labor outcomes (Molina-Millán et al., 2016; Araujo et al., 2017) , while those that study interventions where demand and supply incentives are combined estimate positive gains (Molina-Millán and Macours, 2017) . We provide a plausible explanation for this mixed evidence: that the form (demand or supply incentives) of conditional cash transfer delivery matters. These findings emphasize the importance of considering the supply-side in CCT design and evaluation since they highly suggest that separate provision of demand incentives is less effective than combining demand and supply provision. One interpretation of our results is that individuals in municipalities exposed to both incentives had better outcomes due to improved health and education quality, prompted by investments in infrastructure, supplies, and training programs. We agree with studies that support the hypothesis that supply-side factors can constrain or enhance the extent to which the poor benefit from CCTs (Coady and Parker, 2004; Behrman et al., 2011; Maluccio et al., 2010) , and also contribute to the literature that analyzes the effectiveness of different program components (Baird et al., 2011; Barrera-Osorio et al., 2011; Akresh et al., 2016) . Future work, however, is necessary to explain in detail why combining incentives yields special impact, perhaps further exploring the suggestive evidence that CCT impacts on men and women might differ.
While our evidence for Honduras is highly suggestive that combining incentives in conditional cash transfers is a more effective means to reduce persistent poverty, further research is required to understand CCT effects more completely. First, given that the ultimate objective of these programs is to reduce the intergenerational transmission of poverty, evidence on living standards of beneficiaries' children is essential. Second, long-term evaluation designs are necessary to provide more credible long-term assessments, especially with regards to heterogeneous impact. Currently, most studies require 29 making simplifying (and sometimes restrictive) assumptions to examine the lasting consequences of cash transfers due to design, political, and administrative issues. Finally, further evidence on cash transfer programs in other contexts is required to determine what components and incentive schemes in these programs are working and how less effective parts may be enhanced. Our findings suggest that the form of delivering incentives matters, but future studies may address other relevant and unanswered questions to inform academics and policymakers and to maximize the anti-poverty benefits of aid programs.
A Supplementary Material Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report Difference-in-Differences (DID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy (see Section 3 for details). All regressions control for time-varying municipal-level variables: the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression and should be interpreted as standard deviations relative to the comparison group mean in 2001. Cluster-robust standard errors by municipality in parentheses. We report Difference-in-Differences (DID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy (see Section 3 for details). All regressions control for time-varying municipal-level variables: the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: p-values are obtained from Difference-in-Difference (DID) regressions of the long-term effects of exposure to PRAF on restricted assignment groups (Table 3) , and correspond to the hypothesis that estimated coefficients are significantly different from zero. q-values are obtained for each hypothesis using the method by Benjamini and Hochberg (1995) that controls for the false discovery rate (FDR) described in Anderson (2008) . Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report Difference-in-Differences (DID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy (see Section 3 for details). All regressions control for time-varying municipal-level variables: the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. We weight the estimates using the share of young adults, women, and men relative to the total population in each municipality and year. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report triple difference (DIDID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy: comparing outcomes for eligible young adults (aged 18-24) relative to ineligible prime-age adults (aged 25-29) between treatment and comparison municipalities over time. All regressions control for time-varying municipal-level variables and their interactions with a dummy variable for eligible PRAF young adults (aged 18-24): the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report triple difference (DIDID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy: comparing outcomes for eligible young adults (aged 18-24) relative to ineligible adults (aged 30-77) between treatment and comparison municipalities over time. All regressions control for time-varying municipal-level variables and their interactions with a dummy variable for eligible PRAF young adults (aged 18-24): the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. (Abadie et al., 2010) We define G3 and G4 comparison municipalities (N = 30) as the treatment group and select synthetic controls from the pool of non-experimental municipalities (N = 228). We do not include treated units in G1 and G2 for this analysis, N = 40. Coefficients should be interpreted as standard deviations relative to synthetic comparison municipalities in 2001. The method selects donors controlling for variables measured in 2001: the share of female population, average age and its square, share of individuals born in the municipality, fraction of lenca ethnic group, fraction of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), household size and its square, share of internal migrants, share of international migrants, population density; as well as the relative schooling and labor force participation of adult females relative to males (aged 30-77). Implementation is carried out using the synth runner Stata package. A full description of the package may be found in Quistorff and Galiani (2017) . *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each column marked "Replication" is drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report cross-section estimates of the short-term effects to PRAF relative to G3 and G4 municipalities that received no intervention. Following Galiani and McEwan (2013) , we control for: the share of eligible children for PRAF (individuals aged 6-12 who had not completed fourth grade in 2001), share of female population, average age and its square, share of individuals born in the municipality, fraction of lenca ethnic group, fraction of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), household size and its square, share of internal migrants, share of international migrants, population density, the adult literacy rate, adult schooling and its square; as well as block fixed-effects. Panel A shows the coefficient on a binary variable that identifies whether the municipality was assigned to receive PRAF, Panel B shows the coefficient on an interaction between block-groups and PRAF, and Panel C shows the interaction between each block and whether the municipality was assigned to receive PRAF. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Source: Own calculations from municipal-level panel data from population censuses. Notes: Minimum detectable effects are shown in units of each dependent variable and show the smallest effect size we can detect given our sample size and baseline standard deviations for each outcome. Unadjusted values are calculated using the formula in Duflo, Glennerster, and Kremer (2007) while adjusted values multiply this value times (1 − R 2 ) of an OLS regression on baseline outcomes that includes all available covariates in 2001 and block fixed effects with cluster-robust standard errors by municipality . Source: Own calculations on municipal-level panel data from Honduran population censuses. Notes: Each set of group coefficients are drawn from a separate regression. Cluster-robust standard errors by municipality in parentheses. We report Difference-in-Differences (DID) estimates of the long-term effects of exposure to PRAF relative to support from the Poverty Reduction Strategy (see Section 3 for details). All regressions control for time-varying municipal-level variables: the share of female population, average age and its square, share of individuals born in the municipality, fraction of the lenca ethnic group, share of urban population, access to basic services (electricity, water, and sewage), a household asset index (car, refrigerator, computer, and television ownership), average household size and its square, share of internal migrants, share of international migrants, population density, the relative schooling and labor force participation of adult females relative to males (aged 30-77) to account for intergenerational persistence in human capital and labor market outcomes, as well as overlap with the PIPS CCT program. All regressions include municipality fixed effects, a secular time trend, and block-specific time trends. *** Significant at 1 percent, ** 5 percent, and * 10 percent. Notes: Estimates are obtained from a difference-in-difference regression: M imt = α + β g t (P RAFg × δt) + γX imt + λm + µ b × t + δt + u imt . M imt is a binary variable that identifies if individual i in municipality m at time t lives in a different community than that of their birth. Thus, we assume that children who were born in PRAF municipalities were living there when exposed to the program. We report estimates of β g t for G1 and G2 treatment arms and their 95% confidence interval for 2002-2013, which capture the yearly difference in migration rates between individuals in treatment municipalities relative to the (G3+G4) comparison group in 2001. The regressions control for birth-year effects, municipality fixed effects, linear time trends by stratification block, and survey wave effects. The number of observations used to obtain the estimates is presented below each graph. Standard errors are clustered by municipality and all regressions are weighted using the official survey weights for each wave. Documentos de trabajo EGOB es una publicación periódica de la Escuela de Gobierno Alberto Lleras Camargo de la Universidad de los Andes, que tiene como objetivo la difusión de investigaciones en curso relacionadas con asuntos públicos de diversa índole. Los trabajos que se incluyen en la serie se caracterizan por su interdisciplinariedad y la rigurosidad de su análisis, y pretenden fortalecer el diálogo entre la comunidad académica y los sectores encargados del diseño, la aplicación y la formulación de políticas públicas. 
